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Figure 5 MIGCNEA training loss for different datasets
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Figure 6 Comparison of experimental results
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Table 3 Results of ablation experiment B4 %

P 4 7k Hits@1 Hits@10 MRR

MIGCNEA(-PR) 92.08  99.19  95.21

MIGCNEA(-R) 91.42  99.32  94.66
DBP15KZH-EN

MIGCNEA(-B)  87.75  98.13  90.75

MIGCNEA 94.26 99.49 95.82

MIGCNEA(-PR) 95.03  99.26  95.89

MIGCNEA(-R)  94.91  99.54 95.52
DBP15KJA-EN

MIGCNEA(-B)  90.93  98.78 92.51

MIGCNEA 95.66 99.56 96.56

MIGCNEA(-PR) 97.23 99.72 97.56

MIGCNEA(-R) 96.85 99.66 97.11
DBP15KFR-EN

MIGCNEA(-B)  94.28 99.24 96.86

MIGCNEA 98.61  99.90 99.00
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Figure 7 Weight ratio result of graph structure
information and text information
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Multiple Information Graph Convolutional Network Entity Alignment Method

XU Zhenshun'?, ZHANG Wenhao'?, WANG Zhenbiao'*, TANG Zengjin'"*, ZHAO Zeyu'"?, SU Mengyao'’

(1. College of Compute Science and Engineering, North Minzu University, Yinchuan 750021, China; 2. The Key Laboratory of Images

& Graphics Intelligent Processing of State Ethnic Affairs Commission, North Minzu University, Yinchuan 750021, China)

Abstract: Due to the heterogeneity in entity representation, relationship definition, and semantic structure between

different knowledge graphs, it is difficult to effectively improve alignment quality in the presence of structural differ-

ences and information loss in the graphs by relying solely on graph structure. Therefore, in this study a graph conv-
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olutional entity alignment method that integrates multiple information was proposed. Firstly, the improved PageR-
ank algorithm was used to filter triplets and alleviate the impact of differences in knowledge graph structure. Next,
we learn the embedding representations of entities and attributes were learnt through graph convolutional networks,
and the relationships between entities were iteratively updated by using these representations. Finally, based on the
PBAB method, text description information was integrated and weighted with graph structure information to enhance
the effectiveness of entity alignment. The experimental results showed that the proposed method improved the
Hits@1 metric by approximately 3% compared to the optimal baseline, with corresponding improvements observed
in other evaluation metrics as well.

Keywords: knowledge graph; graph convolutional network ; entity alignment; graph attention network ; pre-trained

languages model

(#2582 T0)
Multimodal Modulation Recognition Method Based on BLR Parallel Structure

JIANG Hua, XIAO Kejie, HU Po, GONG Kexian, ZHAO Zhenyu

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: Aiming at the problem that existing convolutional neural network ( CNN)-based modulation recognition
methods are highly dependent on single modal data (e. g. , 1Q sequences) and difficult to adequately extract multi-
dimensional features of signals, in this study a multimodal parallel structural modulation recognition method was
proposed based on bidirectional long short-term memory network ( BiLSTM ) and residual network ( ResNet),
termed the BiLSTM-ResNet ( BLR network). Firstly, the temporal features of 1Q data were extracted by BiLSTM in
the upper branch, and the spatial features of constellation maps were extracted by ResNet-18 in the lower branch.
Secondly, serial feature fusion was used in the decision fusion module to better exploit the complementary nature of
the multimodal data. Lastly, the signal modulation styles were recognised with the help of the model’ s feature ex-
traction capability. In this study, experimental validation was carried out on the publicly available dataset
RML2018. 0la. The experimental results showed that the overall recognition accuracy of BLR network in the 6-30
dB SNR interval was stable at 96.48%, 2. 61% and 3.91% higher than that of the single-modal ResNet and BilL-
STM models, respectively, and 1.25% higher than that of the CNN-LSTM model with concatenated structure,
which verified that the model proposed in this paper had the modulation recognition problem Effectiveness.

Keywords: automatic modulation recognition; convolutional neural network; multimodal; feature fusion;

parallel structure





